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Abstract. The paper aims to benefit the artificial neural network by means of the adap-
tive neuro-fuzzy inference system (ANFIS) method to determine the input parameters of
solar panel without using any sensors. In this respect, the input parameters are the
irradiance in W/m2 and the cell temperature in degree Celsius. Normally, these two
parameters are measured with pyranometer and temperature sensors which are expensive
and giving the complexity of the solar panel systems. In this research, the parameters
of irradiance and cell temperature are obtained with taking the voltage and current of
one cell of solar panel as the input signals. These signals are given to ANFIS network
through the training and validation process. As the ANFIS network is the multi input
and single output network, there will be two developed ANFIS networks which indicate
the estimated irradiance and cell temperature. The ANFIS networks are confirmed with
the sum of square error regarding the type of membership function and the number of
nodes structure.
Keywords: ANFIS network, Irradiance, Cell temperature, Solar cell, Training and val-
idation process

1. Introduction. The output power and energy performance of photovoltaic panel sys-
tems are highly depending on the input parameters by means of the intensity of sunlight
or irradiance in W/m2 and cell temperature in degree Celsius. In fact, there has been
non-linear dependency of input parameters of solar panel with the output performance.
As results, the I-V characteristics of solar cell are non-linear to the variability of irra-
diance and cell temperature [1,2]. For conventional Silicon solar cell technologies under
the constant temperature, the increase in irradiance level will increase in photocurrent
or short-circuit current almost linearly but the open-circuit voltage increases logarithmi-
cally. However, under constant irradiance, the increased temperature is characterized by a
slightly increasing short-circuit current and relatively strong decreasing open-circuit volt-
age. If the temperature is increased, the diffusion voltage within the p-n-junction of solar
cell is reduced due to the existence of variable negative temperature-voltage coefficient,
for instance, −2.1 mV/K in a Silicon solar cell [3]. In parallel, the short-circuit current
increases with temperature by approximately 0.01%/K due to the enhanced mobility of
charge carriers within the semiconductor material composing solar cells [4].
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In photovoltaic (PV) applications, it is very common and more interested to visualize
the output power responses of solar panel in terms of irradiance and cell temperature
variations. To some extents, the real-time simulation is designed to investigate the po-
tential maximum output power under different scenarios of sun light intensity [5,6]. More
accurate output power expectation due to variability of irradiance and cell temperature
was presented utilizing with the intelligent techniques applications [7,8]. The visualization
of real-time and continuous output power measurement with current and voltage sensors
was utilized in the terminal output of solar panel and microcontroller processing unit [9].

Ideally, both input and output parameters are important to be known in order to de-
termine the performance of the solar panel comprehensively. However, the researchers
and the owners of solar panel installations are more interested in the output power and
energy production. In fact, the inputs of irradiance and cell temperature are prominent
to be identified as well in order to improve the overall PV system performance. How-
ever, provision sensors to measure the real-time irradiance and cell temperature make the
additional complexity system increase and of course the cost of these auxiliary systems.
In addition, the historical irradiance data cannot be obtained directly because of expen-
sive solar irradiance meters. The cost of pyranometer to measure global incoming solar
radiation is about more than $1000 with capability of integrated transmitter [10], while
the cost temperature sensor for solar cell with the capability of flat surface temperature
sensor measurement is about more than $300 [11].

It is common in solar panel applications, the solar irradiance which includes global,
direct and diffuse irradiances is measured and analyzed with sensors technology. For
instance, the placement of thermopile and photodiode based radiometric measurement for
two years is utilized in the desert area [12,13]. The high quality assessment of surface solar
irradiance is obtained from long-term satellite measurement [14]. The solar irradiance is
also predicted using different methods, such as long short-term memory (LSTM) networks
based local meteorological data training information for hourly day-ahead prediction of
solar irradiance [15], the machine learning based daily global solar irradiance [16], the
numerical weather forecasting and statistical learning based solar irradiance forecasting
in the tropic area [17] and the Angstrom-Prescott (A-P) type models are widely used for
novel solar irradiance forecasting [18]. It seems that the previous methods to measure
the solar irradiance are too expensive due to sensor and satellite data utilization, the
error forecasting may occur and the measurement requires field testing with wasting time
consuming.

Similar to solar irradiance, the cell temperature of solar panel is measured with different
approaches. Conventionally, the cell temperature is measured with thermal sensor located
on the backside of photovoltaic panel surface. Also, the measurement of cell temperature is
sometimes correlated with the solar irradiance in order to calculate the overall performance
of photovoltaic systems [19]. Measuring the cell temperature is quite difficult and less
accurate even though the EN 60904-5 measurement standard is applied due to limitation
by the uncertainties of the various parameters, such as experimental uncertainty in the
determination of the thermal voltage and other determined parameters that characterize
module performance if the diode quality factor is not precisely known [20]. All these
problems might be eliminated with using our proposed method.

The paper aims to benefit the artificial intelligent application by means of the adaptive
neuro-fuzzy inference system (ANFIS) network to deal with the complexity of input-
output data combination. The ANFIS network is also successfully applied for parameters
prediction in multi-input parameters systems where the accuracy of prediction is deter-
mined by the modeling of fuzzy inference system with the learning ability of artificial
neural network [21]. In the field of photovoltaic systems, the ANFIS network has been
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used to solve different problems mainly in the area of modelling and tracking of maximum
power [22,23]. Under variational meteorological data inputs, the ANFIS network has been
used for modelling and simulation for estimated output power of photovoltaic systems
where the high reliability and accuracy are confirmed better than conventional artificial
neural network method [24]. The high accuracy and fast response of maximum power
tracking performance is also shown with ANFIS network based control systems taking
the inputs of irradiance and temperature [25]. Mostly in the previous studies, the param-
eters of irradiance and cell temperature are taken as the input parameters to estimate
the performance output of photovoltaic systems; while in our study, these parameters are
utilized as the output parameters considering the voltage and current of solar cell as the
input paramaters. Therefore, our proposed method offers another contribution regarding
the implementation of ANFIS network to solve the non-linearity and non-predictable pa-
rameters in photovoltaic systems by designing the estimated parameters system without
utilizing any sensors.

Another approach is proposed to determine the input irradiance and cell temperature
of solar panel without using any sensor equipment by means the pyranometer and tem-
perature sensor, respectively. In this case, a single cell of PV panel is utilized to measure
discretely the voltage and current by the inputs of sunlight intensity and temperature
using the mathematical equation of solar cell modeling. The data combination is used as
the training data for adaptive neuro-fuzzy inference system (ANFIS) network taking the
irradiance and cell temperature as the function of output voltage and current of solar cell.
As the ANFIS is notified as the single output artificial neural network, there will be two
consecutive networks with the first and second networks being the estimated irradiance
and cell temperature, respectively with similar inputs of cell voltage and current. The
performance of ANFIS network is then validated with the variable inputs of cell voltage
and current according to the type of membership function and number nodes combination
based on sum of square error as the performance index measurement.

The paper is organized in several sections. It starts with the explanation of importance
to measure the input-output parameters of solar panel, although in reality researchers are
more interested in measuring the output power and energy of solar panels. The explana-
tion continues with the configuration of the proposed systems including the characteristic
of solar cell modeling and development of ANFIS network. The paper more focuses on
the benefit utilization of artificial intelligence method by means of the ANFIS network to
measure the estimated irradiance and cell temperature without using any sensor equip-
ment. The simulation results indicate that the ANFIS network is accurate enough to
estimate the sunlight intensity on PV panel surface and cell temperature without in-
stalling pyranometer and temperature sensor as the auxiliary system for the overall PV
system installation.

2. Configuration of the Proposed Systems. The proposed system in Figure 1 is
generally divided into two connected systems, i.e., the modeling of solar cell and the design
of adaptive neuro-fuzzy inference system (ANFIS) network. The solar panel consists of
36 cells connected in series with the inputs of irradiance (E) and cell temperature (Tc)
to produce voltage and current at the terminal output. In this study, a single cell is
selected and functioned as the input parameter sensors. In this respect, the characteristic
of solar cell is determined to obtain the correlation between the inputs of irradiance and
cell temperature and the outputs of voltage and current shown in the I-V curve of solar
cell. The target of PV cell modeling is to find the data training for ANFIS network based
on correlation data input-output of solar cell. Meanwhile, the ANFIS network is designed
through the training and validation process in order to benefit the ANFIS network as
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Figure 1. Configuration of the proposed system

the estimator for the irradiance (E∗) and cell temperature (T ∗
c ) parameters without using

any sensor equipment. More detailed information of the proposed systems is presented as
follows.

2.1. Characteristic modeling of solar cells. Electrical modeling of solar refers to de-
termination of electrical parameters by means of the output voltage and current as the
variation of intensity of sunlight and cell temperature. The process of analysis and synthe-
sis of solar cell according to the characteristic of semiconductor composing the cell arrives
at a suitable mathematical model that describes the relevant dynamic characteristics of
the component and parameters in real practice [4]. The electric circuit of modeling of
solar cell is presented in Figure 2.

Figure 2. Electric circuit of modeling of solar cell

Under realistic conditions without irradiation, the solar cell is equal to an ordinary
semiconductor diode whose effect is also maintained at the incidence of light. This is
why diode D has been connected in parallel to the photovoltaic cell in the equivalent
circuit diagram. Each p-n-junction also has a certain depletion layer capacitance, which
is, however, typically neglected for modeling of solar cells. Series resistance Rs consists
of the resistance of contacts and cables as well as of the resistance of the semiconductor
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material itself. To minimize losses, cables should be provided with a maximum cross-
section. Meanwhile, the parallel or shunt resistance Rsh includes the “leakage currents”
at the photovoltaic cell edges at which the ideal shunt reaction of the p-n-junction may be
reduced. However, for good mono-crystalline solar cells shunt resistance usually is within
the kΩ region and thus has almost no effect on the current-voltage characteristic.

Based on the implementation of Kirchoff’s Law on the electric circuit in Figure 1, the
mathematical equation in terms of cell current (I) and voltage (V ) is derived as follows:

I = Iph − Id − Ish (1)

where Iph, Id and Ish are the photocurrent, diode current and shunt current, respectively.
These currents have dependency on other parameters which are described in the following
equation.

I = Iph − Is

[
exp

(
V + IRs

nk(Tc − Tref )

)
− 1

]
−

(
V + IRs

Rsh

)
(2)

The photocurrent (Iph) is clearly varied according to the variation of irradiance level (E)
in W/m2 and cell temperature (Tc) in Kelvin as shown as follows:

Iph = [Isc + Ki(Tc − Tref )]
E

Eref

(3)

where Isc is the short-circuit current in Ampere, Ki is the temperature coefficient of solar
cell under short circuit condition, and Eref and Tref are the reference irradiance (W/m2)
and temperature (K), respectively.

Meanwhile, the diode current is depending on the diode saturation current (Is) which
is highly varied with temperature variation as shown in the following equation.

Is = IRS

(
Tc

Tref

)3

exp

[
qWg

nk

(
1

Tref

− 1

Tc

)]
(4)

where IRS is the reverse saturation current at the reference irradiance and temperature
in Ampere, Wg is the band gap energy of solar cell which is 1.10 eV for Silicon solar cell
and n is the diode ideality factor. The reverse saturation current itself can be calculated
with the following equation:

IRS =
Isc

exp
(

qVoc

nkTc

)
− 1

(5)

where Voc is the open-circuit voltage, k is the Boltzmann constant (1.38×10−23 J/K) and
q is the electric charge (1.6 × 10−19 Coulomb).

The mathematical model of solar cell from Equations (1)-(5) is simulated in Mat-
lab/Simulink program to obtain data correlation between the inputs of irradiance (E)
and cell temperature (Tc) and the outputs of cell voltage (V ) and current (I). In this
study, similar data in [26] are assumed which are Isc = 1.9 A, Eref = 1000 W/m2,
Tref = 300 K, Ki = 0.0017, Rs = 0.01 Ω and Rsh = 300 Ω to be known. The I-V curves
in Figures 3(a) and 3(b) are clearly indicated how the irradiance changes under constant
temperature of 50◦C and the cell temperature changes under the constant irradiance of
800 W/m2, respectively. The variability data input-output will be used for the training
process of ANFIS network in order to obtain the confirmed ANFIS structure for the es-
timated irradiance (E∗) and cell temperature (T ∗

c ) which will be explained in the next
section.
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(a) Constant temperature of 50◦C

(b) Constant irradiance of 800 W/m2

Figure 3. I-V curve performance of solar cell



DETERMINATION OF SENSORLESS INPUT PARAMETERS OF SOLAR PANEL 2265

2.2. Development of ANFIS network. ANFIS network is especially designed for a sin-
gle output, called, Sugeno type fuzzy inference systems (FIS). This method is considered
as hybrid learning algorithm because it combines the least-squares and back propagation
gradient descent methods for training FIS membership function parameters [27]. This
approach can be applied for modeling the set input-output data. The training process
using ANFIS method is very fast and the network structure is also directly confirmed.
During the training process, once the number of epochs is reached, then the training is
stopped.

For the first order Sugeno fuzzy model, the if-then rules are expressed as follows [28]:
Rule 1: If x1 is A1 and x2 is B1, then y1 = p1x1 + q1x2 + r1

Rule 2: If x1 is A2 and x2 is B2, then y2 = p2x1 + q2x2 + r2

where A1, A2, B1 and B2 are called the premise parameters and p, q, r are the coefficient
parameters of the nth rule through the first order polynomial form expressed as:

yn = pnx1 + qnx2 + rn (6)

where x1, x2 are the output voltage and current of solar cell, respectively and y is the
output signal of ANFIS network by means of the estimated irradiance (E∗) and cell
temperature (T ∗

c ) obtained through fuzzy rules processing.

Figure 4. ANFIS structure for the first-order Sugeno type

The ANFIS structure is shown in Figure 4. This structure has five layers where each
layer produces a certain output, denoted by Oi. The description of each layer is as follows.

Layer 1: This layer is to generate the grade of membership function of the input
signals. Each node of this layer is adaptive node and its output can be expressed as:

O1 = µAi(x) (7)

where µAi(x) is the membership function with linguistic label A for each node. This is
the important part of ANFIS network by selecting the type and number of membership
functions for each input signal. In this study, the best membership function and number
of nodes for the membership function for each input signals [V, I] are determined through
the training process. The results of training process are expected enough to map between
the estimated irradiance (E∗) and cell temperature (T ∗

c ) and the input signals. There
is no guarantee that more accuracy of ANFIS network can be reached by increasing the
number of membership functions for each input. In fact, the simulation progress and
computational effort become very slow.
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Layer 2: This layer is utilized to generate the firing strength. It indicates with π
that means a simple multiplier. Each node of this layer produces the firing strength by
multiplying rules generated in the first layer. The outcome of this layer is represented as:

O2 = wi =
m∏

j=1

µAi(x) (8)

Layer 3: This layer is for normalization of the firing strength generated in the second
layer, denoted by N . The ith node of the layer 3 calculates the ratio of the ith rule’s firing
strength to the total rule’s firing strength. This duty is simply formulated as follows:

O3 = wi =
wi

w1 + w2

(9)

Layer 4: This layer is to calculate the rule outputs based on the consequent parameters:
p, q and r. The same as the layer 1, this layer contains adaptive node and adjusts the
output parameters. The output of this layer simplifies the multiplication between the
normalized firing strength and the first order polynomial, as shown below:

O4 = yi = wi(pix1 + qix2 + ri) (10)

for i = 1, 2, 3, . . ..
Layer 5: This layer is to provide a single fixed node, denoted by sigma. The output

of this node is the submission of all input signals from the previous layers. This output
can be mathematically formulated by:

O5 =
∑

i

yi = w1(p1x1 + q1x2 + r1) + w2(p2x1 + q2x2 + r2) (11)

In this layer, the consequent parameters p, q and r are determined using the least square
algorithm.

It seems that the ANFIS network architecture in this study is quite conventional and
similar to the original Sugeno-type of fuzzy inference system (FIS). However, this ANFIS
network is accurate enough to do mapping the non-linearity and non-predictable of input-
output data combination between voltage-current and irradiance-cell temperature. It is
another advantage of using hybrid paradigm of intelligent techniques that a simple ANFIS
network without any structure modification is powerful to solve one of complex problems
in photovoltaic system applications by means of the provision of data irradiance and cell
temperature without deploying any pyranometer and temperature sensor surrounding
the solar panel. Again, the diversity and proliferation method of ANFIS network is
acknowledged as one of the powerful techniques being used and getting high attention in
different fields of application.

3. Simulation Results and Discussions. The ANFIS network is actually the hybrid
paradigm between the artificial neural network and fuzzy logic systems. If the systems
get more complex and non-linear, the implementation of fuzzy logic system is more dif-
ficult and requires extra computational time to determine the appropriate fuzzy rules
and proper membership function. In addition, although the fuzzy logic system has the
reasoning capability, it has no ability to learn and to adapt. Meanwhile, the conven-
tional artificial neural network needs extra computational efforts, less effective and more
complicated when the structure data get more complex and the number of data patterns
increases. Nevertheless, the artificial neural network has the ability to learn and adapt to
the variation in input-output data. Therefore, the ANFIS network provides the benefits of
both methods to end up with the one of powerful methods for the prediction, estimation
and control of dynamic and complex systems in engineering problems.



DETERMINATION OF SENSORLESS INPUT PARAMETERS OF SOLAR PANEL 2267

The training process of ANFIS network is highly depending on the variability input-
output obtained from the electrical characteristic modeling of solar cell in the previous
section. The data range of irradiance (E) is 100-1000 W/m2 with the increment of 100
W/m2 and cell temperature (Tc) is 10-60◦C with the increment of 10◦C. For each input,
the output current is measured within the voltage interval 0.1-0.6 V. With this approach,
there are 3300 data combination of input-output of solar cell for data training that covers
(E, Tc) = f(V, I). In this study, the number of epoch set in the simulation is 40. In
addition, the fuzzy inference system is trained with the optimal membership function pa-
rameters using the combination between the back-propagation and least square methods.

The target of training process is to determine the optimal membership function and
number of nodes connection to the input signals based on the minimum training error.
Since the ANFIS structure is denoted as a single output, two consecutive networks will be
designed, i.e., the ANFIS network for estimated irradiance (E) and cell temperature (T ∗

c ).
In this study, the types of fuzzy membership function that has been investigated are trian-
gular membership function generator (trimf), trapezoidal membership function generator
(trapmf), generalized Bell function fuzzy membership generator (gbellmf), Gaussian fuzzy
membership function (gaussmf), Gaussian fuzzy membership function of two combined
Gaussians (gauss2mf), Pi-function fuzzy membership generator (pimf), difference of two
fuzzy sigmoid membership functions (dsigmf) and product of two sigmoid membership
functions (psigmf). Meanwhile, the number of nodes connected to the input voltage and
current is investigated from [3, 3], [4, 3], [4, 4], [5, 4], [5, 5], [6, 5], [6, 6], [7, 6] and [7, 7]. In
this case for instance, the [3,3] is defined with 3-node connected to input voltage, another
3-nodes connected to the input current and so on.

After the error investigation during the training process of ANFIS network, the gaussmf
is denoted as the best fuzzy membership function for estimated irradiance with the mini-
mum error of 0.030522. Meanwhile, the pimf is found to be the optimal fuzzy membership
function for estimated cell temperature with the minimum error of 0.0067447. The re-
sults indicate that the estimation of cell temperature will be more accurate than the
estimation of irradiance. It might cause the combination of input-output data training
process of E = f(V, I) is more complex and highly non-linear than the data combina-
tion of Tc = f(V, I). There is no possibility to improve the training error for estimated
irradiance network, even though the number of nodes connected to the input signals is
increased.

Unlikely the estimated cell temperature network, the minimum error during the train-
ing process can be decreased with the increase of input nodes connection. The nodes
connection of [7, 6] yields the minimum error for estimated cell temperature. In this re-
spect, the data correlation of Tc = f(V, I) is more flexible than the E = f(V, I). However,
trapmf types of fuzzy membership function cannot give clear information regarding the
error value of training process in estimated cell temperature network, especially for the
number of nodes input of [5, 5] and [6, 5]. The error of training process in terms of the
types of fuzzy membership function and the number of nodes connection to the inputs is
shown in Table 1.

The confirmation of ANFIS network structure after the training process is shown in
Figure 5, with Figure 5(a) for estimated irradiance and Figure 5(b) for estimated cell
temperature. The input signals are solar cell output voltage and current connected to
single output of estimated irradiance and cell temperature, respectively. For the esti-
mated irradiance, there are 9 nodes of inputmf, 20 nodes of outputmf with 20 fuzzy rules
generated. Meanwhile, there are 13 nodes of inputmf, 42 nodes of outputmf with 42 fuzzy
rules obtained for the estimated cell temperature.
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Table 1. Error in training process

The performance of ANFIS network as the estimator of irradiance and cell temperature
is shown in Figure 6. From the 100% of data input-output combination, 70% of these
data are used for testing of confirmed ANFIS network. The continuous input data signals
of voltage and current are fed to the ANFIS network in order to obtain the estimated
irradiance in W/m2 and cell temperature in degree Celsius. This is one of the benefits
of artificial neural network where the data for training process is discrete, while the
data for validation is continuous. The performance of our proposed ANFIS network
is highly accurate under random input signals, narrow variability input data indicated
with SSEE = 1.135781669 and SSETc = 1.148912529 for estimated irradiance and cell
temperature, respectively.

4. Conclusion. This paper has presented another approach of determining the input
parameters by means of the irradiance and cell temperature in solar panel application
without using any sensor equipment. The proposed method utilized the I-V curve model-
ing of solar cell in order to obtain the data combination of irradiance and cell temperature
as the functions of output cell voltage and current. These data were used for the training
process of ANFIS network. The training results confirmed two network ANFIS structure
for each estimated irradiance and cell temperature. For the estimated irradiance network
structure, the optimal membership function is the gaussmf with 9 nodes connected to
the input signals. Meanwhile, the optimal membership function is pimf with 13 nodes
input connection for estimated cell temperature structure. In addition, the numbers of
fuzzy rules are 20 and 42 for irradiance and cell temperature networks, respectively. The
confirmed ANFIS network works as pyranometer to measure irradiance and temperature
sensor to measure the cell temperature. The performance of ANFIS network has high
accuracy even though the interval variations of voltage and current as the input signals
are very narrow indicated with very small values of sum of square error (SSE). The SSE
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(a) Estimated irradiance

(b) Estimated cell temperature

Figure 5. Confirmation of ANFIS network

of estimated irradiance is 1.135781669, while the SSE of estimated cell temperature is
1.148912529.

The next stage of this study is to implement real-time testing for measuring the ir-
radiance and cell temperature. Voltage and current sensors will be deployed for taking
data from solar cell outputs. The analog signals of voltage and current will be connected
through analog-digital (A/D) converter to the personal computer where the confirmed
ANFIS network will process these data inputs. As results, the variations of irradiance
and cell temperature can be monitored in the personal computer screen. The mecha-
nism of this study will be performed under dSPACE based real-time Matlab/Simulink
environment.
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(a) Irradiance

(b) Cell temperature

Figure 6. Verification results
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